W ith the advent of databases attempting to record the entire biochemical reaction systems of different organisms [1][2][3][4][5] [6] [7] , a host of new research questions became accessible to researchers on metabolism. One did no longer have to restrict the research to certain subsystems such as the citric acid cycle or glycolysis, but could study system-wide organization of biochemical processes. Early studies in this vein found e.g. a skewed degree distribution [8] , hierarchical modular organization [9] [10] [11] [12] , and a well-defined core and a modular periphery [13] (see Refs. [14] and [15] for reviews). Furthermore, these organization patterns are to some extent correlated with functionality [8] [9] [10] [11] [12] and the evolution [13, 16, 17] for a more detailed description of the organization of metabolism. In this study, we investigate the relative organization of three categorizations of metabolites -pathways, subcellular localizations and network clusters, by block-model techniques borrowed from social-network studies and further characterize the categories from topological point of view. The picture of the metabolism we obtain is that of peripheral modules, characterized both by being dense network clusters and localized to organelles, connected by a central, highly connected core. Pathways typically run through several network clusters and localizations, connecting them laterally. The strong overlap between organelles and network clusters suggest that these are natural "modules" -relatively independent sub-systems. The different categorizations divide the core metabolism differently suggesting that this, if possible, should be not be treated as a module on par with the organelles.
R E S U L T S A N D D I S C U S S I O N

Relation between the categorizationspathways, subcellular localizations and network clusters
From the reaction system, we derive a substrate-product graph where the nodes represent metabolites and there is an edge between two metabolites if they occur in the same reaction and one is the product and the other a substrate of that reaction [14] . The resulting network consists of 2771 nodes and 9451 edges. From this network we identify network clusters, by the simulated-annealing algorithm of Ref. [10] . A network cluster identified by this algorithm is a region of the network that is more strongly coupled within than it to other clusters.
Our second class is the localization (or subcellular compartment) of the metabolites, i.e.
where in the cell a metabolite is occurring in a substantial amount. BiGG defines in total eight categories of this categorization.
Our third class is the annotated pathways of the BiGG database. There is no general, widely accepted definition of a pathway. One common view is to start from one molecule (or a class of molecules) and define a pathway as the metabolic subsystem synthesizing or degrading these molecules [11] . But sometimes divisions are We start by analyzing the block-model networks [24] of our three categorizations.
We construct weighted networks where a node represents a category of a categorization and the weight between two nodes is the number of metabolites in common between the two categories (for pathway block models), or the number of reactions be- biosynthesis and metabolism for 2 and 9, and lipid metabolism for 6 and 7.
Quantitative difference between categorizations
The cartographic block-model plots studied above give a very detailed picture of the relation between our three categorizations. In this section we try to condense this information to quantitatively answer how similar the three categorizations are.
The similarity measure we use, ν [26] , is (unlike the cartographic plots) symmetric.
Its maximal value is one while zero repre- In Fig. 4 -VII-IX, we investigate the number of connected components of the subnetworks of nodes of the same category.
For the pathway categorization (Fig. 4-VII Since our network clustering algorithm is designed to find densely connected regions it is no wonder that the network clusters are all connected (Fig. 4-IX) .
Network positions of the categories monitored by k-core decomposition
A so-called k-core decomposition is a way to visualize both how connected neighborhoods of nodes are and their centrality [23] .
Stated briefly, it is obtained by iteratively deleting low-degree nodes to achieve a sequence of k-cores (maximal subgraphs with minimal degree k, see the Methods section), so that following the decomposition is like zooming in to the more central and more interconnected parts of the network.
For the substrate-product network we study there has a 9-core but not a 10-core.
In Figure 5 , we investigate how the cat- 
M E T H O D S
Data description
Our raw data was obtained from the BiGG When we analyze the network topological features of the nodes, we need each metabolite to belong to only one pathway.
To achieve this, we added two pathway categories for metabolites in multiple pathways according to the following scheme:
-For metabolites belonging to two pathways including transport, we assign them to the other pathway class than transport.
-For metabolites that belong to at least two pathways not including transport, assign them to the "Multiple Functions" pathway (M).
-For metabolites that belong to at least three pathways including transport, assign them to the "Multiple Functions and Transport" pathway (MT).
Network construction
Including compartment information in the substrate-product network: There are many kinds of graph representations of metabolism [14, 30] . In this study, all of the reactions in BiGG database were used to reconstruct human metabolic network we study. In this network, one node is a metabolite in a specific subcellular compartment. For example, according to BiGG, glucose-6-phosphate is localized to both the compartments c and r giving two nodes in our network.
Block-model network of categories:
Block modeling is a general way of structuring and simplifying large-scale organization commonly used in social science [24] . In Clustering the substrate-product network:
To achieve the network clusters we use the same method and parameter values as in [10] . The general philosophy of this method is to maximize a measure of modularity of partitions of a network [31] . Simulate annealing, the optimization method we use, mimics Monte Carlo simulations of statistical mechanics. By allowing some disorder the algorithm avoids getting stuck in local minima. We compared the results with a more specialized algorithm [32] , but the simulated annealing algorithm could (somewhat surprisingly) find partitions with larger modularity than this method.
Matching between different categorizations
For measuring the similarity between different categorizations, we use a method described in Ref. [26] . Consider two catego- 
where μ is the average μ-value over a randomized assignment of categories (with the only constraint that the size of the categories are the same as in the real data and no category can be assigned twice to the same metabolite), and μ * is the maximal value of μ in the same ensemble.
Betweenness
Betweenness is proportional to the number of shortest paths between other node pairs that pass a node. More technically, let σ(s,t)
denote the number of shortest paths from s to t and σ ν (s,t) denote the number of shortest paths from s to t passing ν, then the betweenness is given by [24] :
k-core and k-core layer
The k-core of a graph is the maximal subgraph such that all its nodes has at least k links within the subgraph [23, 33] . The kcore layer l k is defined as the set of nodes that belong to k-core but not to k+1-core, i.e., k-core is the union of k+1-core and kcore layer. A k-core subgraph of a graph can be generated by recursively deleting the vertices from the graph whose present degree is less than k. This process can be iterated to gradually zoom into the more connected parts of the network. The higher-level core corresponds to more densely connected part of the network. See Figure   6 for an explanation.
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